Introduction
In the literature of corporate social responsibility (CSR), many studies have examined the relationship between corporate social performance (CSP) and corporate financial performance (CFP) (Aguinis and Glavas, 2012; Carroll and Shabana, 2010; Griffin and Mahon, 1997; Margolis and Walsh, 2003; Roman et al., 1999) . In particular, CSP-CFP research has shifted to corporate environmental performance (CEP)-CFP research, focusing on carbon dioxide (CO2) and greenhouse gas (GHG) emissions, because of an increasing awareness of climate change issues in recent years (Busch and Hoffmann, 2011) . Recent empirical studies mainly support the positive relationship between corporate performance in terms of CO2/GHG emissions (that is, their amount) and CFP, such as return on assets (ROA), return on equity (ROE), return on investment (ROI), return on sales (ROS), and Tobin's q (market value divided by replacement value) (Busch and Hoffmann, 2011; Fujii et al., 2013; Hatakeda et al., 2012; Wang et al., 2014a) . In addition to improving CEP, the recent literature tends to support the view that CO2/GHG emissions management enhances CFP in the manufacturing sectors (except for energy-intensive sectors) (Capece et al., 2017; Nishitani et al., 2014) . These findings seem to indicate that while CO2/GHG emissions are essential to corporate profits, improvement in environmental performance (and its management efforts) is directly linked to CFP. relative CEP, absolute CEP often has an uncertain relationship with CFP. Numerically, absolute and relative CEP are clearly different because absolute CEP takes a size value (e.g., the amount of CO2 reduction) while relative CEP takes a ratio value (e.g., CO2 emissions per sales). Meanwhile, CFP often takes a ratio value (e.g., ROA is equal to profit divided by total assets) rather than a size value (e.g., sales). Therefore, we expect CFP to more often be correlated to relative CEP than to absolute CEP because of numerical sense. Note, however, that this idea is just intuitive and has no scientific form. Thus, as research motivation, this study aims to integrate absolute and relative CEP as well as CFP in a simple framework because both absolute and relative CEP are important for sustainable development.
Regarding the third question (why accounting-based CFP is not robustly correlated with CEP), we suppose that one of the reasons is the measurement of accounting-based CFP. For example, ROA is the most widely represented CFP in the literature and is usually expressed as profit (return) divided by total assets. We here consider ROA to be potentially unstable for two reasons. First, profit (return, the numerator) is uncertain because it is the remaining factor that is calculated by sales minus all costs, which are affected by various factors. Thus, the profit often takes a negative value. Second, ROA itself is affected by several factors, leading to it being unstable. Because a given manufacturing sector usually puts much importance on the cost of goods sold (COGS) and sales, ROA can be divided into the following three factors: profit divided by COGS (as profitability), COGS divided by sales (as the proportion of operation), and sales divided by total assets (as the efficiency of the funds [or cash flow]). Because these changes (the profitability, the proportion of operation, and the efficiency of the funds) do not always match, ROA can be unstable (affected by various factors). In this way, accounting-based CFP is usually decomposed into different, smaller units. As motivation for this study, this kind of decomposition can lead to a structural understanding of the relationship between CEP and CFP because the literature does not much focus on this kind of decomposition in its empirical models.
Based on the above motivations, the contribution of this study to the literature is to propose a single model that integrates corporate CO2/GHG emissions and financial factors (based on corporate accounting). Specifically, this study improves Kaya identity (Kaya and Yokoburi, 1998; Raupach et al., 2007) for corporate analysis. The model of this study decomposes CO2, direct + indirect GHG (Scope 1+2), and supply-chain (or corporate value-chain) GHG emissions (Scope 1+2+3) into financial factors. The CO2 model decomposes CO2 emissions into CO2 intensity (carbon intensity), energy intensity, the cost-to-sales ratio (or COGS-to-sales ratio [COGSR] ), the total-assets-turnover ratio (TATR), leverage, and equity. The model of direct + indirect GHG emissions (Scope 1+2) uses GHG intensity instead of CO2 intensity, and the model of supply-chain GHG emissions (Scope 1+2+3) additionally adopts supply-chain intensity. This study proposes to use the log-mean Divisia index (LMDI) as the model's decomposition method (Ang, 2004 (Ang, , 2015 Ang and Zhang, 2000; Cansino et al., 2015; Chapman et al., 2018; Chong et al., 2015; Fujii, 2016; Fujii and Managi, 2016; Fujii et al., 2016 Fujii et al., , 2017 Kwon et al., 2017; Wang et al., 2014b) .
The specific research contribution is that this study integrates absolute and relative CEP and part of CFP. Previous studies often adopt ad-hoc regression models, where the dependent variable is absolute or relative CEP and the key independent variable is (accounting-based or market-based) CFP, controlling for other firm-specific effects. However, the ad-hoc regression models do not fully show the structure of the relationships among absolute and relative CEP and CFP. The model of this study is an identity equation of CO2/GHG emissions as absolute CEP. Because the identity equation has no errors, the model can provide the detailed effects of all terms as the whole structure. In addition, the model considers the decomposition of relative CEP and CFP to understand the relationship between CEP and CFP structurally. It considers part of the relative CEP (carbon intensity and energy intensity), part of ROA (COGSR and TATR), and part of ROE (i.e., leverage, because ROE is equal to ROA times leverage). The model also includes the scale effect (equity) due to considering absolute CEP as a size value (i.e., as noted above, the size values of CEP-CFP tend to be correlated with each other numerically). This kind of model development using the identity equation (e.g., Kaya identity) is seldom conducted, as shown in our review and Busch and Lewandowski (2017). As to limitations, the model of this study does not consider profit (return) because it often takes zero or a negative value (i.e., zero or a negative value is not appropriate for the identity equation). Nevertheless, we believe that the model of this study is useful for understanding the relationship between CEP and CFP structurally.
Given data availability, this study targets 225 Japanese listed firms in 16 manufacturing sectors for the fiscal years (FY) 2011 to 2015 as an application example of a CO2 decomposition model among the three models. Because FY2011 is the year after the Great East Japan Earthquake (GEJE) (March 2011), this study investigates how CO2 emissions changed as the supply of electricity recovered in that period (Hayashi, 2012; Hayes et al., 2017; Managi and Guan, 2017) .
Results of the entire sample show that the change in CO2 emissions as of 2015 (−802.1 thousand tonnes [kilotonnes, kt] ) is decomposed into 2922.5 kt for carbon intensity, −26036.3 kt for energy intensity, −6350.5 kt for the COGSR, −8495.6 kt for the TATR, −7912.3 kt for leverage, and 45070.1 kt for equity. Hence, the largest positive and negative factors at the aggregated level are equity and energy intensity, respectively. Average values of relative contribution ratios (or explained portions of relative variations in corporate CO2 emissions) are 20.6% by CO2 intensity, 19.1% by energy intensity, and the remaining approximately 60% by financial factors. Note that the relative contribution ratios refer to how a particular term (i.e., each of the six terms) changes between certain periods relative to the remaining (five) terms in the model.
Among the 16 sectors, as of 2015, the change in total CO2 emissions is statistically significantly positive for equity and significantly negative for the TATR and leverage, and it is not significantly correlated to the carbon intensity, the energy intensity, or the COGSR. Regarding the first question above, this thus indicates that absolute CEP is not significantly correlated to relative CEP (carbon intensity and energy intensity). In addition, this study finds that the effects of carbon intensity and energy intensity are significantly negatively correlated with each other, indicating that relative CEP consists of the adverse factors. Similarly, it finds that the effects of the COGSR and the TATR (which are part of ROA as CFP) are significantly positively correlated with each other, indicating that ROA also consists of the adverse factors. Therefore, regarding the second and third questions above, these results imply that both relative CEP and ROA (as CFP) may be unstable indicators because they respectively have two contrasting effects on CO2 emissions (as absolute CEP).
The structure of this study is organized as follows. As the background of this study, Section 2 examines the literature on the CSP-CFP relationship. Section 3 shows how this study treats CO2/GHG (Scope1+2+3) emissions and financial factors, based on MFCA. Section 4 proposes the models that decompose CO2, direct + indirect GHG (Scope 1+2), and supply-chain GHG emissions (Scope 1+2+3) into financial factors and the application method of LMDI. As an application example, Section 5 adopts the CO2 decomposition model using data from Japanese manufacturing firms from FY2011 to FY2015. Finally, Section 6 concludes.
Background: literature on the CSP-CFP relationship
Looking at the literature on company analysis in the energy and environmental fields, activities exhausting CO2/GHG emissions are often regarded as types of CSR activities (Busch and Hoffmann, 2011) . One of the key themes in the CSR literature is to examine the relationship between CSP and CFP (Aguinis and Glavas, 2012; Carroll and Shabana, 2010) . In particular, 127 empirical studies have been found from 1972 to 2002 (Griffin and Mahon, 1997; Margolis and Walsh, 2003; Roman et al., 1999) . Some studies support the positive relationship between CSP and CFP (CSP enhances CFP or vice versa), whereas others show a negative or no relationship between the two. In recent years, it has been recognized that it is important to investigate not only the simple correlation between CSP and CFP but also the structure and mediating and moderating variables for the relationship (Aguinis and Glavas, 2012; Carroll and Shabana, 2010) .
Following the growing awareness of climate-change issues, the discussion of CSP has been shifting to CEP, such as CO2/GHG emissions performance, in recent years (for discussion, see Busch and Hoffmann, 2011) . Recent empirical studies have examined the relationship between CEP of CO2/GHG emissions (and its management efforts) and CFP, which often includes ROA, ROE, ROI, and ROS (as profitability), and Tobin's q (Busch and Hoffmann, 2011; Capece et al., 2017; Delmas et al., 2015; Fujii et al., 2013; Hatakeda et al., 2012; Nishitani et al., 2014; Wang et al., 2014a) . Busch and Hoffmann (2011) were the first in recent years to conduct a typical empirical study examining the relationship between CO2/GHG emissions performance (as CEP) and ROA, ROE, and Tobin's q (as CFP), carefully reviewing the CSP-CFP literature. They analyze 174 firms in the Dow Jones Global Index in 2007, uniquely classifying CEP into outcome-based and process-based CEP. Their three hypotheses are: 1) outcome-based CEP is positively associated with CFP; 2) processbased CEP is negatively associated with CFP; and 3) process-based CEP moderates the effects of outcome-based CEP. The results indicate that outcome-based CEP is positively associated with Tobin's q and process-based CEP is negatively associated with ROE and Tobin's q. However, they have no evidence that process-based CEP moderates the effects of outcome-based CEP. Wang et al. (2014a) examine whether an increase in CO2 emissions affects Tobin's q using data of 69 listed firms in ASX200 (Australian Securities Exchange) in 2000. Estimated elasticity is significantly positive, ranging from 0.26 to 0.3. In addition, they find the carbon emissions can explain 6.2% of the variation in Tobin's q. Hatakeda et al. (2012) investigate the relationship between GHG emissions performance (which is GHG emissions times 3,000 Japanese yen [JPY] divided by total assets) and profitability (ROA). Using data of 1,089 Japanese listed firms of manufacturing industries in FY2006, results show that GHG emissions performance is positively related to profitability. While the above four studies (Busch and Hoffmann, 2011; Fujii et al., 2013; Hatakeda et al., 2012; Wang et al., 2014a) use common ad-hoc regression models, Nishitani et al. (2014) These series of studies show that CO2/GHG emissions performance and management efforts are likely to be positively related to CFP (except for energy-intensive sectors). Note, however, that some studies indicate that there is more likely to be a positive relationship between CEP and CFP for market-based CFP (e.g., Tobin's q) than accounting-based CFP (e.g., ROA). Delmas et al. (2015) examine the relationship between CEP and CFP using a dataset of 1,095 U. Similarly, two measurements of CFP are accounting-based (e.g., ROA) and market-based (e.g., Tobin's q). Among the 68 estimates, the relationship between CEP and CFP can be divided into positive correlations for 46 estimates, negative correlations for 16 estimates, and no correlation for 6 estimates.
Thus, the majority of estimates support a positive relationship. However, Busch and Lewandowski (2017) However, there are differences depending on the types of measurement. Regarding CFP, a positive relationship is more likely to be robust for market-based CFP than accounting-based CFP. Regarding CEP, a positive relationship is likely to be supported by using relative CEP (e.g., carbon efficiency) but not by using absolute CEP (e.g., carbon reductions).
Based on this background, this study aims to understand the structure of the CEP-CFP relationship from the viewpoint of accounting variables (including accounting-based CFP) rather than market-based variables. In other words, it aims to examine why the relationship of CEP-CFP is often positive but sometimes not robust. It investigates the relationships among absolute CEP, relative CEP, and accounting-based CFP in a simple framework. We propose that understating the relationships will be useful for corporate managers and industrial policymakers seeking to predict and mitigate corporate CO2/GHG emissions with corporate activity.
In considering absolute and relative CEP and accounting-based CFP, this study focuses on a company's material flow and cash flow. This is because manufacturing companies purchase raw materials from suppliers and process products, exhausting CO2/GHG emissions, and sell products to consumers; these economic activities are supported by funds from financial and stock markets. Therefore, the higher the energy efficiency (lower cost, lower emissions), the better the flow of cash and funds (and vice versa). Thus, rather than empirically examining the relationship between CO2/GHG and CFP, the motivation of this study is to integrate CO2/GHG emissions and financial factors in a single model. In devising a model that integrates CO2/GHG emissions and financial factors, Figure 1 explains how this study treats CO2/GHG emissions in corporate accounting, based on material and cash flow. This study adopts as analogy the idea of MFCA, which considers both corporate material and cash flow, as an accounting tool. The reason this study adopts the idea of MFCA is that we consider CEP as related to material flow (including CO2/GHG emissions) and CFP consists of cash flow, as in
MFCA.
MFCA is an accounting method that combines cost accounting and material flow management and is an effective management tool for improving corporate material efficiency through material flow transparency (APO, 2014). Since MFCA is standardized by ISO as ISO 14051 and 14052 (ISO, 2011 (ISO, , 2017 , it has become easier for firms to implement MFCA (for the history of MFCA, see Wagner, 2015 ; for a general explanation, see Bierer et al., 2015; Christ and Burritt, 2015; Guenther et al., 2015; Kokubu and Kitada, 2015; Rieckhof et al., 2015; Schaltegger and Zvezdov, 2015) . MFCA divides COGS into the material cost (MC), energy cost (EC), system cost (SC, which consists of other costs, such as the labor cost), and waste management cost (WMC) (APO, 2014) . These costs are further divided into positive products (usual products) and negative products (waste and/or recycled items) and are allocated in each quantity center.
This subsection discusses a series of basic corporate behaviors: purchasing, production, sales, and financing. Suppose a manufacturing firm emits CO2/GHG and waste as two kinds of absolute emissions (as negative CEP), based on material and cash flow. We believe that it will be possible to structurally understand the relationships among absolute and relative CEP and accountingbased CFP by taking into account raw materials (as input factors); CO2/GHG emissions, waste, and products (as outputs); and energy use (as intermediate inputs). Thus, the framework of this study is versatile, as it can be applied not only to CO2/GHG emissions but also to waste analysis. Figure 1 shows a simple model of material (a straight line) and cash (a dotted line) flows in a manufacturing firm, treating raw materials used, positive products, waste (negative product), and CO2/Scope 1+2+3 for simplification purposes. Here CO2 refers to direct + indirect CO2 emissions. For simplification, EC is assumed to be incurred only in the manufacturing process, including all energy use in a firm. Note that Scope 1 is direct GHG emissions (in a narrow sense) by a company, and Scope 2 is indirect GHG emissions from purchased energy (see the GHG protocol, as in WRI and WBCSD, 2004) . Therefore, Scope 1+2 comprises direct + indirect GHG emissions, which the previous studies refer to for CEP. In recent years, Scope 3 has been developed as supply-chain GHG emissions within a corporate value chain (i.e., GHG emissions from activities outside a company, such as resource harvesting, production, and transportation) (WRI and WBCSD, 2011) . This consists of GHG emissions from 15 categories, both upstream and downstream of the corporate operations.
From the left in Figure 1 , raw materials (for negative and positive products) are purchased from suppliers, causing MC. The purchased materials are then made into the negative and positive products, causing EC and SC (EC&SC). From here, the flows of negative (upper) and positive (lower) products are different from each other. The negative product is processed as waste and dealt with accordingly outside the firms, causing WMC. Note that the waste is assumed to be partially recycled into a MC process for simplicity. Meanwhile, the positive product does not cause WMC because it is not wasted; rather, it is managed for sales, causing selling, general, and administrative expenses (SGA), and sold to customers in the product markets, causing customers' payment (as sales). Conversely, waste (negative product) causes costs in order of WMC, EC&SC, and MC, whereas the positive product causes costs in order of SGA, EC&SC, and MC. In addition, the payment from customers is equal to sales, which consists of COGS, SGA, and (operation) profit. Therefore, customers incur not only profits and all costs of positive products, but also all costs of negative products. In other words, customers do not receive the negative product but indirectly buy it. As another feature, these corporate activities are supported by funds (debt plus equity) from financial and stock markets.
While the above flows are based on the MFCA concept, this study extends the idea to CO2/GHG emissions. In the process of EC&SC, a firm pays EC, causing CO2/Scope 1+2. Thus, conversely, CO2/Scope 1+2 emissions cause costs in order of EC&SC and MC for both of the negative and positive products. Customers do not receive but indeed indirectly buy CO2/GHG emissions. Thus, CO2/GHG emissions are directly linked to financial factors.
In summary, absolute emissions seem closely related to relative CEP and CFP. As shown in Figure 1 , absolute emissions (CO2/GHG) are caused primarily by energy use (or EC), indicating that carbon/GHG intensity is important for absolute emissions. Meanwhile, EC relies largely on COGS (the manufacturing process) and sales; hence, for smaller EC, COGS and sales are more advantageous in reducing the absolute emissions. Similarly, sales activity is supported by funds and higher leverage (more efficient funds) and more equity (more scale) tend to cause greater absolute emissions.
Decomposition of the relative CEP and CFP
Based on the background of the relationship between CEP and CFP, we need to understand CEP and CFP in a more detailed way. This may explain why the relationship between CEP and accounting-based CFP is occasionally not robust.
Regarding CEP, absolute CEP refers to just the absolute emissions (CO2/GHG) or their reduction and has little room for misunderstanding. On the other hand, in the literature, relative CEP usually refers to the emissions amount divided by an accounting variable (e.g., sales and total assets).
We suppose that relative CEP can be unstable because it includes two different factors: carbon intensity and energy intensity. For example, suppose CO2 emissions (CO2) divided by sales as a representative relative CEP is decomposed:
where Energy stands for energy use. To improve carbon intensity, the choice of energy source is usually important. To improve energy intensity, meanwhile, general energy conservation is important.
As with the relative CEP, CFP also consists of several factors. For example, we can decompose ROA (profit divided by total assets), the most representative CFP, as follows:
Profit COGS Sales ROA COGS Sales Assets Profit Margin Sales Margin Sales Assets
where COGS is equal to sales minus gross margin (denoted by Margin). Because COGS and gross margin are inextricably linked based on the sales, equation 2 has two versions (upper for COGS and lower for the gross margin). The first term is profitability in a narrow sense, meaning the amount of profit generated by the operation process (or gross margin). The second term is the COGSR, which means the proportion of the operating process. The third term is the TATR, which is the efficiency of the company's funds (assets). Thus, ROA may be somewhat unstable due to consisting of three different factors. ROA is also unstable because the profit (the numerator of CFP) often changes easily. This is because profit is the remainder from sales minus all costs and hence often takes a negative value.
For the same reason, other CFP may be also unstable. For example, ROE, as another representative CFP, is equal to ROA times leverage (i.e., total assets divided by total equity). Therefore, because of the leverage, ROE is expected to be more unstable than ROA.
In summary, we first argue that the positive relationship in the literature between CEP and accounting-based CFP is natural because CO2/GHG emissions are generated by corporate funds (cash flow). In other words, a better CFP (more fluent cash flow) tends to lead to a better CEP (more fluent material flow) (and vice versa). Second, we suppose that the reason why the relationship of CEP and accounting-based CFP is occasionally not robust is probably because they each consist of several different factors. Relative CEP usually consists of carbon intensity and energy intensity, while ROA, as the representative CFP, is decomposed into profitability, operational proportion, and TATR. Based on these discussions, it is necessary as the motivation of this study to not only verify whether the relationship between CEP and CFP is positive or negative but also understand the structure of that relationship.
Model

Identity equations of CO2/GHG emissions
The contribution of this study to the literature is to propose a single model that integrates each of corporate CO2/GHG emissions and financial factors. Specifically, this study improves the Kaya identity for corporate analysis. The Kaya identity is one of the most popular models that decomposes CO2/GHG emissions (Kaya and Yokoburi, 1998; Raupach et al., 2007) . This study finds 94 articles (including 64 journal articles) published by 2017 in the academic literature by using "kaya identity" as keywords in the topic search of Web of Science (Thomson Reuters' journal database). It is usually expressed by the following formula for CO2 (or GHG):
The amount of CO2 emissions is decomposed by the product of the following four terms. The first term is carbon intensity (CO2 intensity), which is CO2 per unit of energy use [Energy] ). The second term is energy intensity (energy use per unit gross domestic product [GDP] ). The third term is GDP per capita, which is a proxy for the degree of economic activity. The fourth term is the national population, indicating the magnitude of the scale.
The Kaya identity is useful for macro analysis but not especially suited for corporate analysis because GDP (value added) and population, in particular, are rarely considered in corporate accounting.
Therefore, based on the Kaya identity, this study proposes simple new models that decompose CO2/GHG emissions into financial factors. The CO2 model is expressed as follows:
CO2 Energy COGS Sales Assets CO2 Equity Energy COGS Sales Assets Equity CO2Int EneInt COGSR TATR AtER Equity
Equation 4 decomposes CO2 emissions on the left-hand side (LHS) into the following six terms. The first term is CO2 intensity (COInt; carbon intensity), or CO2 divided by energy consumption. This is the same as in the Kaya identity. The second term is (corporate) energy intensity (EneInt), which is energy use divided by COGS. This indicates how much energy is consumed compared to the production cost (energy pressure over production cost). The third to sixth terms are common financial factors. The third term is the COGSR, which is COGS divided by sales (the cost ratio). The fourth term is the TATR, which is sales divided by total assets. The fifth term is the total-assets-to-equity ratio (AtER), indicating the degree of leverage. The sixth term is total equity (Equity), which is proxy for firm size.
Although basic interpretations of the third to sixth terms are provided, this study performs an additional interpretation from a management (or stakeholder) perspective. The COGSR is considered an indicator of operation pressure because relatively higher COGS (numerator) values mean that firms depend on a higher proportion of value creation than other financial factors (gross margin). The TATR is interpreted as market pressure because a higher sales (numerator) value means that the firm will face a larger market (more money in the market). The AtER is an internal firm decision but is considered as financial market pressure because debt (part of the numerator) is brought from the financial market. In addition, equity is considered stock market pressure simply because of the funds coming from the stock market.
We note that each decomposed factor in the model, as well as the Kaya identity, does not always have the positive relationship with CO2 emissions (for example, Raupach et al. (2007) 
The first term is GHG intensity, which is Scope 1+2 divided by energy use, instead of CO2 intensity in equation 4. Meanwhile, equation 7 decomposes Scope 1+2+3 (denoted by S123) as follows: S123 S12 Energy COGS Sales Assets S123 Equity S12 Energy COGS Sales Assets Equity SCInt GHGInt EneInt COGSR TATR AtER Equity
The first term is supply chain intensity (SCInt). It is more greatly increased to the extent that other companies in the supply chain exhaust more GHG emissions (Scope 1+2+3) compared to a certain firm's direct + indirect GHG emissions (Scope 1+2).
LMDI
Because equations 4, 6, and 7 are just identity equations, this study uses index decomposition analysis (IDA) to identify the degrees of contribution in each term. Two approaches are popular in the literature of the decomposition analysis: structural decomposition analysis (SDA) (Su and Ang, 2012) , and IDA (Ang, 2004; Ang and Zhang, 2000; Cansino et al., 2015) . Typically, IDA is easier to adopt than SDA because it requires only the aggregated data (Ang, 2015) . In IDA, LMDI is a popular method for the analysis of energy and CO2 emissions usually based on the IPAT equation and Kaya identity (for recent studies, see Cansino et al., 2015; Chapman et al., 2018; Chong et al., 2015; Fujii, 2016; Fujii and Managi, 2016; Fujii et al., 2016; Fujii et al., 2017; Kwon et al., 2017; Wang et al., 2014b ).
Because equations 4, 6, and 7 are similar to each other, this study shows LMDI for equation
4 (see Appendix for LMDI of equations 6 and 7). For identity equations, LMDI decomposes the change between two periods on LHS into each of the change rates on the right-hand side (RHS). The two periods usually refer to the base (beginning) and other years. Suppose there are i firms in j sectors from the base year 0 to a certain year t, and summation of the change in CO2 emissions (ΔCO2) of jth sector from years 0 to t is expressed as follows:
where
Each term (ΔCO2Int, ΔEneInt, ΔCOGSR, ΔTATR, ΔAtER, and ΔEquity) represents a contribution to the change in waste (ΔCO2), which denotes how much each term explains changes in CO2 emissions (ΔCO2). From the above equations, ΔCO2 is expressed as the sum of equations 9 to 14: 
When ΔCO2 is not equal to zero, based on the index number, the contribution ratios sum up to 100%
as follows:
Note that because the numerators of each term in equation 17 are the product terms of ΔCO2 (see equations 9 to 15), the ΔCO2 of numerators and denominators can be canceled out. Thus, the sum of the change ratios of each term in log form divided by the change rate of CO2 in log form (ln(CO2 
Denom denotes a denominator in equation 20. No ratio (term) takes a negative value because they take absolute values. The relative contribution ratios of each term describe how a given term (i.e., each of the six terms) changes between certain periods, relative to the remaining (five) terms in the model.
Note that this study does not calculate the relative contribution ratio when Denom = 0.
As another way of thinking, note that equations 22 and 23 have the same meaning as the relative ratios of changes in each term, as in equations 20 and 21: 
Example application to Japanese manufacturing sectors
Data
As an application example of the three proposed models considering data availability, this study demonstrates LMDI for equation 4, using data of 225 Japanese listed firms in 16 manufacturing sectors from FY2011 to FY2015. It obtains data on CO2 emissions and energy consumption from Bloomberg Professional Service (provided by Bloomberg L.P., the U.S.), and financial data from Nikkei NEEDS-FinancialQUEST (provided by Nikkei Inc., Japan). One of the reasons it chooses Japanese manufacturing sectors is because data are relatively easy to access among countries. Among 33 sector indices of Tokyo Stock Exchanges, this study selects 16 manufacturing sectors: foods (#4, Foods), textiles and apparels (#5, Textiles), pulp and paper (#6, Pulp), chemicals (#7, Chem), pharmaceutical (#8, Pharma), oil and coal products (#9, OilCoal), rubber products (#10, Rubber), glass and ceramics products (#11, Glass), iron and steel (#12, Iron), nonferrous metals (#13, Nonferrous), metal products (#14, MetalProd), machinery (#15, Machinery), electric appliances (#16, ElecApp), transportation equipment (#17, Transport), precision instruments (#18, PrecInst), and other products (#19, Other).
This study finds 1,506 Japanese listed firms in the 16 manufacturing sectors for the period (Table 1) . This study also notes that the fiscal year in this study refers to account-closing date from April 1 to March 31 because Japanese firms tend to adopt December or March as account-closing months. Account-closing year of FY2011 (the base year) includes the year of GEJE (March 11, 2011) (Hayes et al., 2017) , and/or the next year. GEJE generated triple disasters: the biggest earthquake (magnitude 9.0) on record, tsunami, and the nuclear problem of Fukushima (Managi and Guan, 2017) .
According to the Fire and Disaster Management Agency, Japan (2018) complete destruction, and 280,962 half-destruction. Economic damage is estimated as 6% of GDP (Hayashi, 2012) . Also, coastal areas were washed away, logistics and supply chains were stopped, and there were various problems such as electric power and medical problems (Managi and Guan, 2017) .
Therefore, this study investigates how CO2 emissions have changed over the four years immediately after GEJE when the supply of electricity was severely disrupted.
There may be sample selection bias, because this study selects a higher number of firms that disclose more information on CO2 emissions and energy consumption. Therefore, this study conducts t-tests to determine whether there is a difference in the average values of the two groups, censored and uncensored observations, in terms of financial items (COGS, sales, assets, and equity; unit is million JPY). In Table 3 , the average values of COGS, sales, assets, and equity are 117018.3, 151272.3, 159975.8, and 69220.6 million JPY, respectively, for the censored firms (non-selected firms) and 340939.6, 448159.0, 480685.5, and 198773 .9 million JPY, respectively, for the uncensored firms (the sample firms of this study). Thus, average values for the uncensored firms (the sample of this study) are higher than those for the censored firms (non-selected firms). T-values are −10.7, −11.7, −12.1, and −12.7, respectively, indicating a statistically significant difference at the 1% level. This indicates that these average values differ in a statistically significant way between the censored firms (nonselected firms) and the uncensored firms (the sample of this study). Thus, this study selects relatively large firms among the Japanese manufacturing sectors. and △EneInt (energy intensity), respectively.
Results of LMDI
Regarding each sector, as of 2015, the largest positive factors of the change in CO2 emissions are △CO2Int in 1 sector (#4), △EneInt in 1 sector (#9), △COGSR and △TATR in no sectors, △AtER in 2 sectors (#7, #16), △Equity in 12 sectors (#5, #6, #8, #10, #11, #12, #13, #14, #15, #17, #18, #19).
On the other hand, the largest negative factors are △CO2Int in no sectors, △EneInt in 9 sectors (#4, #5, #7, #10, #13, #14, #15, #17, #19), △COGSR in 1 sector (#8), △TATR in 1 sector (#11), △AtER in 3 sectors (#6, #12, #18), and △Equity in 1 sector (#9, #16). The largest ratios in each sector are △CO2Int for two sectors (#4, #18), △EneInt for no sectors, △COGSR for 13 sectors (#5, #6, #7, #8, #9, #10, #11, #13, #14, #15, #16, #17, #19), △TATR for no sectors, △AtER for 1 sector (#12), and △Equity for no sectors. Similarly, the smallest ratios are △CO2Int, △EneInt, and △COGSR for no sectors, △TATR for 14 sectors (#4, #5, #6, #7, #9, #10, #11, #12, #13, #14, #15, #16, #17, #19), △AtER for 1 sector (#18), and △Equity for 1 sector (#8).
Discussion of the results
We confirm the relationship between CEP and CFP from the results of LMDI (as of 2015). Table 7 shows the correlation matrix of each term as of 2015 in the 16 sectors (i.e., 16 observations).
△CO2 (change in total CO2) is statistically significantly positive for △Equity (0.662) and significantly negative for △TATR (−0.431) and △AtER (−0.846). This indicates that absolute CEP (△CO2) is not significantly related to relative CEP (0.226 for △CO2Int and −0.011 for △EneInt) and the operation factor (−0.344 for △COGSR) whereas it is significantly related to TATR (△TATR), leverage (△AtER), and firm size (△Equity).
As to each term on the RHS in equation 4, △CO2Int is correlated significantly positively to △Equity (0.489) and significantly negatively to △EneInt (−0.734), △COGSR (−0.561), and △TATR (−0.712). Similarly, △EneInt is correlated significantly positively to △COGSR (0.885) and △TATR (0.782) and significantly negatively to △CO2Int and △Equity (−0.680). △COGSR is correlated significantly positively to △EneInt, △TATR (0.891), and △AtER (0.696) and significantly negatively to △CO2Int and △Equity (−0.923). △TATR is correlated significantly positively to △EneInt, △COGSR, and △AtER (0.708) and significantly negatively to △CO2Int and △Equity (−0.887).
△AtER is correlated significantly positively to △COGSR and △TATR and significantly negatively to △Equity (−0.911). Accordingly, △Equity is correlated significantly positively to △CO2Int and significantly negatively to △EneInt, △COGSR, △TATR, and △AtER.
Regarding the relationship between CEP and CFP in this study, △CO2Int and △EneInt are part of CEP and △COGSR, △TATR, and △AtER are part of ROE (whereas △COGSR and △TATR Regarding relative CEP, △CO2Int (carbon intensity) and △EneInt (energy intensity) are correlated negatively with each other (the correlation coefficient r = −0.734) (Figures 4 and 5 ). This negative relationship is probably because energy use is both the denominator of ΔCO2Int and the numerator of ΔEneInt, suggesting that greater energy use tends to decrease ΔCO2Int and increase ΔEneInt. Therefore, relative CEP consists of two adverse factors, leading to an unstable relationship with absolute CEP. As characteristically opposite sectors, #6 (Pulp) has the lowest △CO2Int and the highest △EneInt, while #12 (Iron) has the highest △CO2Int and the lowest △EneInt.
Regarding the relationship between △CO2Int and parts of CFP (Figure 4 ), △CO2Int (carbon intensity) is correlated significantly negatively to △COGSR (the COGSR) and △TATR (the TATR) and not significantly to △AtER (leverage). On the other hand, regarding the relationship between △EneInt and parts of CFP ( Figure 5 ), △EneInt (energy intensity) is correlated significantly positively to △COGSR and △TATR and not significantly to △AtER.
This relationship provides an insight somewhat new to the literature: a greater carbon intensity (worse CEP) is related to a smaller COGSR (better CFP) and smaller TATR (worse CFP) and not related to AtER. Similarly, a greater energy intensity (worse CEP) is related to a larger COGSR (worse CFP) and larger TATR (better CFP) and not related to AtER. This implies that ROA (as CFP) seems unstable because the COGSR (the worse CFP) is related significantly positively to the TATR (the better CFP), canceling out the effects on CEP.
As contrasting examples (Figures 4 and 5) , #9 (OilCoal) and #6 (Pulp) have the highest △COGSR and △TATR, respectively, as well as the smallest △CO2Int (and the highest △EneInt).
Meanwhile, #12 (Iron) has the smallest △COGSR and △TATR as well as the highest △CO2Int (and the smallest △EneInt).
Note that ROE is expected to have a less stable relationship with CEP than ROA. This is because ROE is equal to ROA times leverage, and leverage (△AtER) is not significantly correlated to carbon intensity and energy intensity (△CO2Int and △EneInt) as part of CEP in this study.
In addition, firm size (scale factor) plays an important role in the model across the board because △Equity is correlated significantly with all factors in the model. △Equity is correlated significantly positively to △CO2. This is intuitive because we often find that larger firms tend to have higher CO2/GHG emissions. Regarding each term, the larger sectors (△Equity) tend to have higher carbon intensity (△CO2Int), lower energy intensity (△EneInt), lower COGSR (△COGSR), lower TATR (△TATR), and lower leverage (△AtER).
Conclusions
This study proposes new models that decompose corporate CO2/GHG emissions (CO2, kt for the TATR, −7912.3 kt for leverage, and 45070.1 kt for equity. In the entire sample, therefore, the largest positive and negative factors for the change in CO2 emissions as of FY2015 are equity (firm size) and energy intensity, respectively. Average values of relative contribution ratios are 20.6% for CO2 intensity, 19.1% for energy intensity, and the remaining approximately 60% for financial factors (25.5% for COGSR, 5.5% for TATR, 13.8% for leverage, and 15.5% for equity).
The results imply that, in order to reduce CO2/GHG emissions, we should focus on financial factors as well as carbon intensity and energy intensity, as suggested in previous empirical studies.
Companies often tend to pay attention to carbon intensity and energy intensity when seeking to reduce CO2/GHG emissions, but the financial factors can explain the majority of CO2 emissions, on average, in the sample used in this study. In particular, at the aggregated level, the CO2 decrease by energy intensity is almost canceled out by the CO2 increase by firm size (equity). What should be noted here is the cost ratio (COGSR), which on average has the largest relative contribution (25.5%), indicating that reduction (improvement) of the cost ratio (hence, operation pressure) is directly linked to CO2/GHG emissions reduction. Thus, the models of this study are helpful for identifying which part of corporate activities contributes to CO2/GHG emissions.
As implications for the literature, we first find that our sample has the following important tendencies in terms of the relationship between CEP and CFP. First, absolute CEP (△CO2) is not significantly related to relative CEP (the carbon intensity and energy intensity) and the operation factor (the COGSR), whereas it is significantly related to TATR, leverage, and firm size. This provides evidence that absolute CEP can be different from relative CEP, suggesting that the choice of CEP type is important when examining the relationship between CEP and CFP.
Second, we suppose that relative CEP and CFP are themselves unstable indicators because they contain adverse factors that are related to absolute CEP in opposite ways over years. Relative CEP can be divided into carbon intensity and energy intensity, which are correlated negatively with each other. Meanwhile, ROA, as the representative CFP, consists of operational profitability, the COGSR (worse CFP), and the TATR (better CFP), whereas the COGSR and the TATR in the sample are correlated positively with each other.
This study thus supports the view that there is a significant relationship between CEP and CFP because the carbon intensity, the energy intensity, the COGSR, and the TATR are significantly correlated with each other among the 16 sectors (as of 2015). Thus, it supposes that the reason the relationship between CEP and CFP is occasionally not robust in the literature is that the relative CEP and CFP are themselves unstable indicators, as noted above.
As to limitations, the findings of this study may be unique to the Japanese manufacturing sectors and therefore future studies should investigate other examples (e.g., different sectors, countries, and times) to make the findings more robust. Also, regarding an issue of CFP, the model of this study does not include profit (return) because it often takes a negative value. However, model development may be able to include profit in some way. In addition, the model of this study only focuses on CO2/GHG emissions and energy use as non-financial variables. Potentially, however, the identity model can consider other materials, such as raw materials and waste. These issues with the sample and model development remain to be addressed in future study.
Appendix. LMDI for Scope 1+2 and Scope 1+2+3
Regarding equation 6, suppose there are i firms in j sectors from the base year 0 to a certain year t, and summation of the change in Scope 1+2 emissions (ΔS12) of j-th sector from years 0 to t is expressed as follows:
if S12 S12 GHGInt L S12 S12 GHGInt GHGInt if S12 S12
if S12 S12 EneInt L S12 S12 EneInt EneInt if S12 S12
if S12 S12 COGSR L S12 S12 COGSR COGSR if S12 S12
if S12 S12 TATR L S12 S12 TATR TATR if S12 S12
if S12 S12 AtER L S12 S12 AtER AtER if S12 S12
if S12 S12 Equity L S12 S12 Equity Equity if S12 S12
S12 S12 L S12 S12 S12 S12
Similarly, regarding equation 7, summation of the change in Scope 1+2+3 emissions (ΔS123) of j-th sector from years 0 to t is expressed as follows:
if S123 S123 SCInt L S123 S123 SCInt SCInt if S123 S123
if S123 S123 GHGInt L S123 S123 GHGInt GHGInt if S123 S123
if S123 S123 EneInt L S123 S123 EneInt EneInt if S123 S123
if S123 S123 COGSR L S123 S123 COGSR COGSR if S123 S123
if S123 S123 TATR L S123 S123 TATR TATR if S123 S123
if S123 S123 AtER L S123 S123 AtER AtER if S123 S123
if S123 S123 Equity L S123 S123 Equity Equity if S123 S123
S123 S123 L S123 S123 S123 S123 sectors. r denotes the correlation coefficient and *** and ** show statistically significant levels of 1% and 5%, respectively (see Table 7 ). #6 (Pulp), #7 (Chem), #9 (OilCoal), #12 (Iron), and #16 (ElecApp) denote characteristic sectorial numbers (see Table 1 ). Figure 5 . △EneInt vs. △CO2Int, △COGSR, △TATR, and △AtER Notes: This figure shows scatter plots between △EneInt on the horizontal axis and △CO2Int, △COGSR, △TATR, and △AtER on the vertical axis, using the results of LMDI as of 2015 for the 16 sectors. r denotes the correlation coefficient and *** shows a statistically significant level of 1% (see Table 7 ). #6 (Pulp), #7 (Chem), #9 (OilCoal), #12 (Iron), and #16 (ElecApp) denote characteristic sectorial numbers (see Table 1 ).
